The orange press liquor is a by-product of the orange juice production containing bioactive compounds recognized for their beneficial implications in human health. The recovery of these compounds offers new opportunities for the formulation of products of interest in food, pharmaceutical and cosmetic industry. The clarification of orange press liquor by microfiltration (MF) and/or ultrafiltration (UF) processes is a valid approach to remove macromolecules, colloidal particles, and suspended solids from sugars and bioactive compounds. In this work the clarification of orange press liquor was studied by using three flat-sheet polymeric membranes: a MF membrane with a pore size of 0.2 µm and two UF membranes with nominal molecular weight cut-off (MWCO) of 150 and 200 kDa, respectively. The membrane performance, in terms of permeate flux and membrane rejection towards hesperidin and sugars, was studied according to a multivariate analyses approach. In particular, characteristics influencing the performance of the investigated membranes, such as molecular weight cut-off (MWCO), contact angle, membrane thickness, pore size distribution, as well as operating conditions, including temperature, and operating time, were analysed through the partial least square regression (PLSR). The multivariate method revealed crucial information on variables which are relevant to maximize the permeate flux and to minimize the rejection of hesperidin and sugars in the clarification of orange press liquor.
Introduction
Oranges contribute significantly to the bulk of world's citrus fruit production accounting for more than 50% of the global citrus production. During the marketing year 2015/2016, the global orange production amounted to about 47.06 million metric tons, with Brazil producing 24% of the world total followed by China and India [1] .
Although the juice is the main product derived from orange, various by-products are produced during the manufacturing process. The produced wastes consist mainly in wet peels and whole rejected fruits containing 82% of water [2] .
Most of the waste residue from commercial juice extractors is shredded, limed, cured, and pressed into press liquors and press cakes which are then processed independently. Press liquors are semisolid Earlier studies on membrane filtration have shown that the utilization of multivariate analysis extends the information obtained from univariate analysis [17] .
In previous studies, the response surface methodology (RSM) approach has been employed to investigate the interaction of different operating conditions, such as transmembrane pressure (TMP), temperature and feed flowrate on permeate flux [18] and the recovery of antioxidant compounds [19] in the clarification of orange press liquor by UF hollow fibre membranes.
Experimental data of permeate flux and fouling index, obtained in optimized operating conditions, resulted in a good agreement with the predicted values of the regression model. The optimized operating conditions to maximize permeate fluxes and the recovery of antioxidant compounds as well as to minimize fouling index were identified.
The present work aimed at investigating the effect of membrane characteristics such as membrane thickness, pore size distribution, contact angle as well as operating conditions, such as temperature and operating time, on the performance of three different flat-sheet MF and UF membranes in terms of permeate flux and rejection of hesperidin and sugars (glucose, fructose, and sucrose) in the treatment of orange press liquor. To accomplish that, the partial least squares regression (PLSR) was used as a multivariate tool, to correlate the membrane characteristics (grouped in an X matrix) with membrane performance (grouped in a Y matrix).
Theory
Partial least squares regression (PLSR), in its simplest form, can be defined as a statistical method for relating two data matrix, X and Y, to each other by a linear multivariate model [20] [21] [22] [23] . The PLSR applications have been reported in three principal areas: quantitative structure-activity relationship (QSAR) modeling, multivariate calibration, and process monitoring and optimization [23] .
As a historical note, PLSR or just named PLS approach was originated around 1975 by Herman Wold for the modeling of complex data [23] . PLS can be defined as a multivariate linear regression methodology, based on the decomposition of the data into a set of orthogonal components or latent variables (LVs) [23] [24] [25] [26] . It is recognized as a robust method with a robust statistical basis able to analyze data with noisy, collinear, numerous variables and even missing data-points in both the input (X matrix) and output (Y matrix) data sets. An essential aspect of this technique is that the output data structure guides the decomposition of the input data in a way that the respective orthogonal components explain as much as possible of the covariance between the input and output [27] .
As mentioned above, PLS links the input and the output matrices with "new" variables that are estimated as a linear combination of the original variables or their rotation. The following equation gives these new variables called X-scores and denoted by t a (a = 1, 2, . . . A):
where W is the weight matrix that relates the X-scores with each variable of X. On the other hand, the input matrix X can be obtained from the linear combination between the X-scores T and the loading P in order to minimize the X-residuals E:
Then, the output matrix Y can be obtained by means of the following equation:
where C is the weight matrix that relates the X-scores with each variable of Y, meanwhile f im represents the deviation between the observed and modeled responses, and comprises the elements of the Y-residuals matrix, F. 
The PLS regression coefficients, b mk (B) can be written as:
The line obtained by linear regression of that swarm of data points, in the direction of maximum variance, is the first latent variable or just factor. In other words, it captures the main trend in the data set. Then, another linear regression is performed in the second direction of maximum variance, but keeping in mind that this direction should be orthogonal to the first. This corresponds to the second factor. The remaining factors are obtained accordingly [27] .
Materials and Methods

Feed Solution
Citrus press liquor was supplied by Gioia Succhi Srl (Rosarno, Reggio Calabria, Italy). Liquors were left overnight at room temperature to let the majority of the cloud particles settle out. Partially clear liquor was recovered by filtration with a nylon cloth. The physico-chemical characteristics of the resulting liquor are reported in Table 1 . 
MF-UF Equipment and Procedures
MF and UF experiments were performed by using a laboratory bench plant ( Figure 1 ) equipped with a stainless steel cell suitable to contain a flat-sheet membrane with a diameter of 47.2 mm. Experimental runs were performed by using three polyvinylidenfluoride (PVDF) flat-sheet membranes supplied by Microdyn-Nadir GmbH (Wiesbaden, Germany). Properties of selected membranes are reported in Table 2 . Experimental runs were performed according to the total recycle (TR) configuration in which both permeate and retentate streams were continuously recycled back to the feed tank. This configuration ensured a steady-state in the volume and composition of the feed. In order to evaluate the effect of feed concentration on the membrane performance, experiments were also performed according to the batch concentration (BC) configuration in which the permeate stream was continuously removed. In both configurations operating conditions such as transmembrane pressure (TMP), temperature and feed flowrate were fixed at 1 bar, 26.0 ± 1.0 • C and 185 L/h, respectively. Each run was stopped after 180 min of operation. Experimental runs were performed in triplicate. Permeate flux data were expressed as average value ± SD. The permeate flux (J) was determined by weighing the amount of permeate with a digital balance and calculated according to the following equation:
where Wp is the permeate weight collected during the time interval t and Ap is the membrane surface area of permeation. The mass of permeate collected was measured with an accuracy of ± 0.1 g every 5 min.
Determination of Sugars
The quantitative determination of glucose, fructose and sucrose was carried out by an HPLC system (Agilent Technologies, Palo Alto, CA, USA) equipped with a Luna reverse phase C18 column (5 μ, 100 Å, 250 × 4.6 mm i.d. from Phenomenex (Torrance, CA, USA), an isocratic pump (model series 1100) and a refractive index detector (Series 200a).
Isocratic elution was used at a flow rate of 1 mL/min with two solvents: Solvent A, water/acetic acid (0.1% v/v), 80%, and Solvent B, methanol, 20%.
For each reference sugar, a set of calibration standards using stock and working reference standard solutions were prepared. Glucose, fructose, and sucrose were purchased from SigmaAldrich (Milan, Italy). Sugar standards were dried at 60 °C in a vacuum oven overnight and dissolved The permeate flux (J) was determined by weighing the amount of permeate with a digital balance and calculated according to the following equation:
where W p is the permeate weight collected during the time interval t and A p is the membrane surface area of permeation. The mass of permeate collected was measured with an accuracy of ± 0.1 g every 5 min.
The quantitative determination of glucose, fructose and sucrose was carried out by an HPLC system (Agilent Technologies, Palo Alto, CA, USA) equipped with a Luna reverse phase C18 column (5 µ, 100 Å, 250 × 4.6 mm i.d. from Phenomenex (Torrance, CA, USA), an isocratic pump (model series 1100) and a refractive index detector (Series 200a).
For each reference sugar, a set of calibration standards using stock and working reference standard solutions were prepared. Glucose, fructose, and sucrose were purchased from Sigma-Aldrich (Milan, Italy). Sugar standards were dried at 60 • C in a vacuum oven overnight and dissolved in 50% methanol (injection solvent). The resultant solutions were filtered using a syringe filter and injected into HPLC. The injection volume was 20 µL. The peak areas in the chromatograms were plotted against calibration curves obtained from standard solutions (external standard method), in a concentration range of 0.5-2 mg/mL for each compound. Results were expressed as mean ± SD of three independent determinations.
Determination of Hesperidin
The quantitative determination of hesperidin was carried out by an HPLC system (Shimadzu LC-20AB, Kyoto, Japan) equipped with a binary pump, autosampler and a UV/vis detector (SPD-20A), monitored at 284 nm and 360 nm. Samples were centrifuged before injection. The column used was a Discovery C18 (25 cm × 4.6 mm, 5 µm from Supelco, Bellefonte, PA, USA). The mobile phase consisted of two solvents: Solvent A, water/phosphoric acid (0.1% v/v) and Solvent B, acetonitrile. Phenolic compounds were eluted under the following conditions: 1 mL/min flow rate and ambient temperature; gradient conditions from 0% to 5% B in 0.01 min, from 5% to 10% B in 19.9 min, from 10% to 20% B in 20 min, from 20% to 25% B in 20 min, from 25% to 35% B in 20 min, from 35% to 60% B in 15 min, from 60% to 5% B in 3 min, followed by washing and reconditioning of the column. The identification of hesperidin was obtained comparing the retention time by using authentic standard. Hesperidin was from Sigma-Aldrich (Milan, Italy). Results were expressed as mean ± SD of three independent determinations.
Pore size and Pore Size Distribution Measurement
Membranes pore size and pore size distribution were determined by using a PMI Capillary Flow porometer (Porous Materials Inc., Ithaca, NY, USA) according to the bubble point method [28, 29] . A porewick solution (surface tension 16 dynes/cm) was used as a wetting liquid. Fully wetted samples were sealed in the cell and measurements were carried out by the wet up/dry down method using the software Capwin (Porous Materials Inc., USA). Data were processed and exported as an Excel file by the software Caprep (Porous Materials Inc., USA).
Thickness and Contact Angle Measurement
The thickness of each membrane was determined by a multiple-point measurement, using a digital micrometre Mahr 40E (Mahr GmbH, Esslingen, Germany). Contact angle measurement were carried out by using the sessile drop method with a CAM 200 contact angle meter (KSV instrument LTD, Helsinki, Finland). The droplets were deposited on the membrane surface by using a micro-syringe with automatic dispenser, while the images were captured by a digital camera allowing apparent static contact angles to be measured at different time. An average of 20 readings was obtained for each specimen and the respective mean value was calculated.
Data Analysis
Pre-Processing
Data were initially organized into dataset X-matrix (n × k) which is composed of 114 observations and five factors or predictors such as membrane thickness, diameter at maximum pore size distribution, contact angle, operating time, and temperature. On the other hand, Y-matrix (n × m), also called response, was composed of 114 observations and five responses: permeate flux and rejection towards hesperidin, glucose, fructose, and sucrose.
In any analytical application, data are usually processed before using PLSR. In this work, in which factors and responses are discrete variables, data were pre-processed in order to obtain the maximum information from the dataset. In general, pre-processing is but a minor modification of the dataset, with the aim of minimizing the impact from extraneous noise and also putting each variable both on an equal level with an equal scaling allowing to participate equally in the data modeling process [30] . Results of projection methods, such as PLSR, depend on the scaling of the data. With an appropriate scaling, one can focus the model on more important Y-variables, and use the experience to increase the weights of more informative X-variables [23, 31] . In our case, the absence of knowledge about the relative importance of the variables and the fact that the factors and responses are in different units have forced to probe different techniques such as normalize and moving average.
Number PLSR Components or Factors and Model Validation
In any empirical modeling, it is essential to determine the real complexity of the model. Considering numerous and correlated X-variables, a substantial risk exists for "over-fitting" that means a well-fitting model with little predictive power [23] . Cross-validation (CV) is a practical and reliable way to test the predictive significance [20, [32] [33] [34] . Basically, in CV the data are divided into groups followed by the development of parallel models that are evaluated with the differences between observed and predicted Y-values. In the evaluation, the observations are kept out of the developed model while the response values (Y) are predicted and compared with the observed values. The procedure is repeated several times until every observation has been kept out. The sum of squares of these differences is computed and collected from all the parallel models to form the predictive residual sum of squares (PRESS), which estimates the predictive ability of the model [23] . The ability of the model can be summarized using the R 2 of the calibration and validation set, the root mean square error of calibration and validation (RMSE), the standard error of calibration and validation (SE is similar to RMSE except it is corrected for the bias) and the bias which is the mean value over all points that either lie systematically above (or below) the regression line (a value close to zero indicate a random distribution of point about the regression line).
All the statistical computations were performed using Unscrambler 10.4.1 software (CAMO AS, Oslo, Norway).
Results and Discussion
Membrane Characteristics
Measurements performed to characterize the selected membranes are shown in Table 2 . The membranes used in this study, made of PVDF, are basically hydrophilic membranes with contact angle values lower than 90 • . The FMU6R2 membrane showed the most hydrophilic surface, followed by UV150T and MV020T membranes. Thickness measurements showed no significant differences between the membranes studied. The main differences between the selected membranes are related with the pore size. The measurements carried out to evaluate the maximum pore size for each membrane showed differences with the data reported by the manufactures. In addition, significant differences related to the maximum pore size distribution were found. In particular, the FMU6R2 membrane showed the minimum frequency (40%); this means that only 40% of the membrane surface has a pore size of 0.2 µm, and the rest of surface could present higher or lower values. On the other hand, MV020T and UV150T membranes showed higher frequency of distribution: therefore, these membranes are more homogeneous in their pore size distributions. These factors will be strongly related with the type of fouling produced and, therefore, with the membrane performance in terms of permeate flux and rejection towards hesperidin and sugars. Figure 2 shows the time evolution of permeate flux under the TR configuration. For all selected membranes the permeate flux reduces constantly due to concentration polarization and fouling phenomena until to reach a uniform rate known as steady-state. In particular, the MV020T membrane and the FMU6R2 membrane showed a quite similar flux decay (35.6 and 31.6%, respectively); for the UV150T membrane the flux decay was of about 41.4%. These effects could be attributed to the type of fouling produced during the treatment of the orange press liquor. As expected, the MF membrane, with larger pore size, exhibited highest permeate flux values in comparison with UF membranes. In the BC configuration the permeate stream is continuously removed from the system, while the retentate stream is recycled back to the feed reservoir leading to an increase of the feed concentration during the filtration process. The increased feed concentration results in a more severe concentration polarization and, consequently, in a more pronounced flux decline in comparison with the TC configuration ( Figure 3 ). In these conditions the MF membrane with larger pores showed the maximum flux decay (51.4%), followed by FMU6R2 and UV150T membranes with flux decay values of 38.4% and 36.1%, respectively. 
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Data Analyses
The data were pre-processed by using several normalization tools and moving average. Table 3 shows the results obtained for the PLSR models, all of them with four components of factors. The preprocessing of area normalization, followed by moving average, was the once which obtained the highest values of R 2 for the calibration and validation, as well as the minimum values of RSME, SE, and bias for all the responses studied. This PLSR model with four factors can explain the 95.64% of the total variance. Even though, there are differences in the capacity of prediction of the PLSR model for each response variable in all the cases the prediction was higher than 91% (R 2 ), as shown in Table  3 . In the BC configuration the permeate stream is continuously removed from the system, while the retentate stream is recycled back to the feed reservoir leading to an increase of the feed concentration during the filtration process. The increased feed concentration results in a more severe concentration polarization and, consequently, in a more pronounced flux decline in comparison with the TC configuration ( Figure 3 ). In these conditions the MF membrane with larger pores showed the maximum flux decay (51.4%), followed by FMU6R2 and UV150T membranes with flux decay values of 38.4% and 36.1%, respectively. In the BC configuration the permeate stream is continuously removed from the system, while the retentate stream is recycled back to the feed reservoir leading to an increase of the feed concentration during the filtration process. The increased feed concentration results in a more severe concentration polarization and, consequently, in a more pronounced flux decline in comparison with the TC configuration ( Figure 3 ). In these conditions the MF membrane with larger pores showed the maximum flux decay (51.4%), followed by FMU6R2 and UV150T membranes with flux decay values of 38.4% and 36.1%, respectively. 
The data were pre-processed by using several normalization tools and moving average. Table 3 shows the results obtained for the PLSR models, all of them with four components of factors. The preprocessing of area normalization, followed by moving average, was the once which obtained the highest values of R 2 for the calibration and validation, as well as the minimum values of RSME, SE, and bias for all the responses studied. This PLSR model with four factors can explain the 95.64% of the total variance. Even though, there are differences in the capacity of prediction of the PLSR model for each response variable in all the cases the prediction was higher than 91% (R 2 ), as shown in Table  3 . 
The data were pre-processed by using several normalization tools and moving average. Table 3 shows the results obtained for the PLSR models, all of them with four components of factors. The pre-processing of area normalization, followed by moving average, was the once which obtained the highest values of R 2 for the calibration and validation, as well as the minimum values of RSME, SE, and bias for all the responses studied. This PLSR model with four factors can explain the 95.64% of the total variance. Even though, there are differences in the capacity of prediction of the PLSR model for each response variable in all the cases the prediction was higher than 91% (R 2 ), as shown in Table 3 . Figure 4 shows the analysis of the presence of outliers which were carried out by the use of Hotelling T 2 statistic, a multivariate generalization of the student t-test [35] . In this figure, several points can be appreciated in the regions 1, 2, and 3. They represent samples similar to the majority of the calibration population, samples which fit the model but are extreme in properties and samples which differ from the average model population, respectively. On the other hand, samples which are different and extreme, those considered as outliers are placed in the region 4. Thus, none of the data was removed for the PLSR modelling. This group is not clearly observed for the FMU6R2 membrane placed in the origin of factor 2: for this membrane TRC and BC are not grouped. These results highlight the differences not only between the membrane characteristics but also between the type of configuration in which the principal difference is related to the increase of feed concentration which produces a variance in the The PLSR scores-plot shown in Figure 4 was used to evaluate the relationship between the samples. Factors 1 and 2, including 100% of the X-matrix data and explaining the 83% of the variability in the Y-matrix, demonstrate that there are differences in the membranes studied and can be grouped according to the tested membrane; this means that each membrane is characterized by specific parameters which discriminate it from each other leading to a specific performance. In particular, the FMU6R2 membrane showed similarities, and it is grouped clearly as a cluster, as well as UV150T membrane placed in the negative sector of factor 2 (Figure 5a ). The MV020T membrane has not grouped, and it is placed in the positive and negative part of factor 2. On the other hand, regarding the type of process, the score-plot (Figure 5b) showed a grouping between the TR and BC configuration. This group is not clearly observed for the FMU6R2 membrane placed in the origin of factor 2: for this membrane TRC and BC are not grouped. These results highlight the differences not only between the membrane characteristics but also between the type of configuration in which the principal difference is related to the increase of feed concentration which produces a variance in the type of fouling and, consequently, in the membrane performance. This group is not clearly observed for the FMU6R2 membrane placed in the origin of factor 2: for this membrane TRC and BC are not grouped. These results highlight the differences not only between the membrane characteristics but also between the type of configuration in which the principal difference is related to the increase of feed concentration which produces a variance in the type of fouling and, consequently, in the membrane performance.
The correlation among all membrane characteristics and operating conditions with the responses variables used to evaluate the membrane performance is illustrated in Figure 6 . In this figure differences in the influence of membrane characteristics and operating conditions on the permeate flux and rejection of hesperidin and sugars can be appreciated. In particular, operating time and thickness play a significant role (they are far away from the responses) on the permeate flux and rejections: this means that higher values of thickness and operating time produce a lower value of permeate flux and rejection towards hesperidin and sugars. In this regard, it is well known that an increase in membrane thickness produces an additional resistance to the mass transfer across the membrane. Thus membranes with lower values of membrane thickness are preferred. On the other hand, higher operating times are related to a progressive membrane fouling leading to an increasing of membrane resistance. The decrease in the membrane rejection is related to the concentration polarization phenomena which produces an increase in the particle concentration at the membrane surface where the difference in the chemical potential produces a diffusion of hesperidin and sugars with a decreasing of membrane rejection.
The correlation among all membrane characteristics and operating conditions with the responses variables used to evaluate the membrane performance is illustrated in Figure 6 . In this figure differences in the influence of membrane characteristics and operating conditions on the permeate flux and rejection of hesperidin and sugars can be appreciated. In particular, operating time and thickness play a significant role (they are far away from the responses) on the permeate flux and rejections: this means that higher values of thickness and operating time produce a lower value of permeate flux and rejection towards hesperidin and sugars. In this regard, it is well known that an increase in membrane thickness produces an additional resistance to the mass transfer across the membrane. Thus membranes with lower values of membrane thickness are preferred. On the other hand, higher operating times are related to a progressive membrane fouling leading to an increasing of membrane resistance. The decrease in the membrane rejection is related to the concentration polarization phenomena which produces an increase in the particle concentration at the membrane surface where the difference in the chemical potential produces a diffusion of hesperidin and sugars with a decreasing of membrane rejection. The loading-plot also shows the positive correlation between temperature, contact angle, and pore size distribution with permeate flux and rejection of hesperidin since they are located in the positive quadrant of factors 1 and 2. Even though these variables have presented less importance in the model, their influences in the responses should not be neglected. According to the film model [36] , an increase in temperature enhances permeate flux due to an increase of the mass-transfer coefficient. An increasing in MWCO produces an increase in the rejection towards hesperidin due to the type of fouling produced. In particular, in membranes with larger pores, such as MF membranes, a complete pore blocking or a partial pore blocking is the dominant fouling mechanism which produces a decrease in the pore size and a consequent increase in the rejection as is shown in Figure  7 . The physical blockage of the pores also produces a more significant flux decline in comparison with membranes having tight pores. Similar results were obtained by Lin et al. [37] which evaluated the effects of dissolved organic matter retention and membrane pore size on membrane fouling and flux decline.
By referring to the sugars rejection, it is appreciated in factor 2 of the loading-plot that glucose, fructose, and sucrose are negatively related to pore size, contact angle, and temperature. According to results obtained by Jiraratananon and Chanachai [38] in the clarification of passion fruit juice by UF membranes, the operating temperature enhances the back diffusion of solutes into the bulk solution reducing the thickness of the concentration polarization layer. Fructose, glucose, and sucrose rejections showed a similar behavior because are closer in the negative quadrant of factors 1 and 2 in the loading plot. The loading-plot also shows the positive correlation between temperature, contact angle, and pore size distribution with permeate flux and rejection of hesperidin since they are located in the positive quadrant of factors 1 and 2. Even though these variables have presented less importance in the model, their influences in the responses should not be neglected. According to the film model [36] , an increase in temperature enhances permeate flux due to an increase of the mass-transfer coefficient. An increasing in MWCO produces an increase in the rejection towards hesperidin due to the type of fouling produced. In particular, in membranes with larger pores, such as MF membranes, a complete pore blocking or a partial pore blocking is the dominant fouling mechanism which produces a decrease in the pore size and a consequent increase in the rejection as is shown in Figure 7 . The physical blockage of the pores also produces a more significant flux decline in comparison with membranes having tight pores. Similar results were obtained by Lin et al. [37] which evaluated the effects of dissolved organic matter retention and membrane pore size on membrane fouling and flux decline.
By referring to the sugars rejection, it is appreciated in factor 2 of the loading-plot that glucose, fructose, and sucrose are negatively related to pore size, contact angle, and temperature. According to results obtained by Jiraratananon and Chanachai [38] in the clarification of passion fruit juice by UF membranes, the operating temperature enhances the back diffusion of solutes into the bulk solution reducing the thickness of the concentration polarization layer. Fructose, glucose, and sucrose rejections showed a similar behavior because are closer in the negative quadrant of factors 1 and 2 in the loading plot. The PLSR model built after data pre-treatment including four factors is suitable to predict the response variables by correlation of membrane characteristics and operating conditions. Table 3 shows that the model fits well the experimental data with R 2 values of 96.2, 95.8, 91.7, 97.5, and 94.3 for permeate flux, hesperidin, glucose, fructose, and sucrose rejection, respectively. The obtained model can be used to predict the permeate flux, as well as hesperidin and sugars rejections, by using input data such as contact angle, membrane thickness, pore size distribution, as well as operating conditions, such as temperature and process time. The model is consistent with the knowledge obtained in early studies and supplies new information concerning membrane filtration in citrus juice processing.
Conclusions
Orange press liquor was clarified by using three flat-sheet MF and UF polymeric membranes in both total recycle and batch concentration configuration. A multivariate analyses approach was used to study the relationship between membrane characteristics and operating conditions and membrane performance in terms of permeate flux and membrane rejection towards hesperidin and sugars (glucose, fructose, and sucrose). In particular, the partial least squares regression (PLSR) model was used in order to predict the response variables by using input data such as contact angle, membrane thickness, pore size distribution as well as operating conditions, such as temperature and process time.
The model well fitted the experimental data with R 2 values of 96.2, 95.8, 91.7, 97.5, and 94.3 for permeate flux, hesperidin, glucose, fructose, and sucrose rejection, respectively. Therefore, the capacity of prediction of response variables resulted higher than 91.7%.
The obtained results indicated that the multivariate method appears as an efficient tool in the examination of experimental results and reveals crucial information on which variables are relevant to maximize the permeate flux and to minimize the rejection of hesperidin and sugars in the clarification of orange press liquor, so maximizing the productivity of the process and the recovery of target compounds in the permeate stream. 
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